We use the Young Finns Study (N = $2000) on the measured height linked to register-based long-term labor market outcomes. The data contain six age cohorts (ages 3, 6, 9, 12, 15 and 18, in 1980) with the average age of 31.7, in 2001, and with the female share of 54.7. We find that taller people earn higher earnings according to the ordinary least squares (OLS) estimation. The OLS models show that 10 cm of extra height is associated with 13% higher earnings. We use Mendelian randomization, with the genetic score as an instrumental variable (IV) for height to account for potential confounders that are related to socioeconomic background, early life conditions and parental investments, which are otherwise very difficult to fully account for when using covariates in observational studies. The IV point estimate is much lower and not statistically significant, suggesting that the OLS estimation provides an upward biased estimate for the height premium. Our results show the potential value of using genetic information to gain new insights into the determinants of long-term labor market success.
Introduction
Taller people reap higher earnings. This empirical finding has been documented in several studies. There are three main explanations for the labor market premium in height (e.g., Sargent and Blanchflower, 1994; Judge and Cable, 2004; Persico et al., 2004; Case and Paxson, 2008; Tao, 2014; Sohn, 2015; Yamamura et al., 2015) .
1 First, height is associated with cognitive skills (Case and Paxson, 2008) . Second, non-cognitive skills, such as social skills, may play a role in the height premium (Persico et al., 2004) . Based on these two explanations, height is related to other individual qualities, such as cognitive or non-cognitive skills. Third, there may also be other social explanations for the height premium, such as discrimination against short people in the labor market (e.g., Cinnirella and Winter, 2009 ) as a form of social-perceptual bias by which tall individuals are perceived to have more positive qualities irrespective of their true qualities (Hamstra, 2014) .
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Most empirical studies treat height as an exogenous variable when examining the link between height and labor market outcomes.
3 However, there may be important confounders, such as socioeconomic background, early life conditions and parental investments, that influence both a person's height and subsequent labor market outcomes. It is challenging to adequately account for the combined effect of these factors when using the covariates that are available in observational studies. For example, parental investments are notoriously difficult to comprehensively and accurately measure. 4 Thus, the causal effect of height on earnings and labor market success largely remains an open question. The literature has pursued two approaches to address causal effects between height and earnings. First, some empirical studies have used a twin design. With twin data, it is possible to eliminate shared environmental factors, such as the family background, neighborhood and peer effects, and genetic factors (e.g., Böcker-man and Vainiomäki, 2013) . Second, two earlier studies used genetic instruments for height (von Hinke Kessler Scholder et al., 2013; Tyrrell et al., 2016) . 5 Genetic information could be helpful because genetic markers that are correlated with height should not directly affect the outcome variable of interest (i.e. earnings or employment). The specific instrument used in this paper is based on the findings in the genetics literature. There is substantial heritability for body height (Silventoinen et al., 2003) . However, the contribution of individual genetic variants is modest. As a result, we used a genetic score with variants that genome-wide association studies (GWASs) have found to be significantly associated with height in extensive population samples (Allen et al., 2010) , minimizing the weak instrument problem. We use administrative information on long-term labor market outcomes (earnings and labor market attachment). We chose this approach because cross-sectional measures of labor market outcomes are inaccurate proxies for individuals' lifetime labor market attachment and earnings (Böhlmark and Lindquist, 2006) . Moreover, the use of the comprehensive register-based, long-term measures reduces measurement error from non-response and reporting biases.
Our contribution to the sparse empirical literature on the effects of height using genetic information builds on the fact that von Hinke Kessler Scholder et al. (2013) did not examine the labor market outcomes and that Tyrrell et al. (2016) used a self-reported categorical annual household income from a single year. In contrast, our paper uses linked data with administrative information and focuses on earnings that are a better measure of labor market success than annual household income that is confounded by social income transfers and spouse's income.
Methods

Mendelian randomization
Mendelian randomization refers to empirical studies that use genetic instruments to estimate the causal effects of exposure variables or traits in non-experimental (observational) data because it is often difficult or impossible to use randomized controlled trials (Tyrrell et al., 2016) . The need for instrumentation arises from the presence of confounding factors that correlate with both the exposure and the outcome variable. This leads to bias in OLS estimation. Fig. 1 depicts the various effects and estimators in this setting. The IV or Wald estimator avoids the bias if the following conditions are fulfilled: (1) the genetic instrument (G) must correlate with the exposure variable (X), i.e. it must be informative; (2) the genetic instrument (G) must affect the outcome (Y) only through its effect on the exposure (X), i.e. the instrument must be exogenous; and (3) the instrument (G) and confounder (Z) must be independent, i.e. 4 Under the assumption of time-invariant parental investments they can be accounted for using fixed effects in panel data if the explanatory variable is timevarying. However, because adult height is time-invariant, its effect would also be eliminated by using fixed effects. Nevertheless, twin data can be used as discussed in the next paragraph. 5 The usage of genetic instruments is known as "Mendelian randomization" in the medical literature. The basic idea of Mendelian randomization is that genetic factors are distributed randomly in the population so that genetic risk factors are independent of potential confounding factors. We explain this idea in detail in the next section of the paper.
the genotype should not be associated with the confounding relations between (X) and (Y). The first condition is justified based on genome-wide association studies that provide evidence for the correlations between genotypes and exposure variables that in our research design is the height of persons, which we discuss in greater detail below. The second condition is essentially an assumption, which is strictly untestable, but some indirect evidence for its validity is provided below. The validity of the third condition is based on Mendel's second law (independent assortment), which states that genotypes are assigned randomly when passed across generations. This implies that in the population, or a representative sample of the population, genotypes are distributed independently of any confounding factors, which is what gives the method its name. It achieves the randomization of the exposure via "nature" rather than controlled trial.
Data sources and the sample
We use a longitudinal research design based on linked data. The data on height and genetic markers are from the Cardiovascular Young Finns Study (YFS) . 6 The YFS began in 1980, when 4320 participants in six age cohorts (ages 3, 6, 9, 12, 15 and 18 years) were randomly chosen from five Finnish university regions using the national population register (Raitakari et al., 2008) . A total of 3596 people participated in the study in 1980, and seven follow-up studies have been conducted; the most recent was in 2011/12.
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To obtain register information on labor market outcomes, we linked the YFS to the Finnish Longitudinal Employer-Employee Data (FLEED) of Statistics Finland (SF) using unique personal identifiers. The matching was exact, and there were no misreported ID codes. FLEED includes information on individuals' earnings and labor market attachment, which is taken directly from comprehensive administrative registers that are maintained by SF.
To account for key observable differences in the parental background, we linked the YFS to the Longitudinal Population Census (LPC) of SF from the year 1980. We used indicators for the parents' university-level education as family background variables.
Measures
We used both earnings and labor market attachment as labor market outcomes. Register-based, long-term earnings were measured as the average wage and salary earnings over the period [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] . Labor market attachment was measured as the average employment years over the period 2001-2012. Height was measured in 2001, when the participants were 24-39 years old. Height was collected in professional health examinations that were conducted at local health centers. Thus, the measure contains a minimal amount of measurement error.
We used the genetic score as an instrument for height. The score was calculated from data for the 180 single nucleotide polymorphisms (SNPs) that are significantly (p < 5 Â 10
À8
) associated with height on the genome wide level according to Allen et al. (2010) . A non-weighted genetic risk was calculated as the sum of genotyped risk alleles or imputed allele dosages carried by an individual.
8 A Kernel density plot of the genetic score that is used in the IV estimations is presented in Fig. A1 . Genotyping was performed using a custom-made Illumina Human 670 K BeadChip. Genotypes were called using the Illumina clustering algorithm (Teo et al., 2007) . After quality control, there were 2442 samples and 546677 genotyped SNPs available for further analysis. Imputation was performed with MACH software and HapMap release 22 as a reference panel.
The genetic score has two major advantages. First, it is more powerful than any of the individual SNPs because it explains more variation in height. Second, it is more valid because it reduces the risk that any individual single nucleotide polymorphism will bias the IV estimates via an alternative biological pathway (pleiotropy) (Palmer et al., 2012 ). An alternative method to mitigate the bias caused by pleiotropy is to use individual SNPs with the Egger method (Bowden et al., 2015) . A genetic risk score for blood pressure was calculated using 29 SNPs associated with systolic and/or diastolic blood pressure in a genome-wide association study (International Consortium for Blood Pressure Genome-Wide Association Studies, 2011). In another genome-wide association study, genetic risk scores for total cholesterol and triglycerides were calculated with 25 SNPs associated with the total cholesterol concentration and 24 SNPs associated with the triglyceride concentration (Teslovich et al., 2010) . All genetic scores were calculated as the sum of genotyped risk alleles or imputed allele dosages carried by an individual.
A computerized cognitive testing battery (CANTAB 1 ) was used to assess cognitive performance in 2026 participants in the latest YFS follow-up study in 2011. The cognitive test battery included the following five tests: 1) the motor screening test (MOT), which was used as a training/screening tool to indicate difficulties in test execution; 2) the paired associates learning test (PAL), which measures visual and episodic memory and visuospatial associative learning; 3) the spatial working memory test (SWM), which measures short-term and spatial working memory as well as problem solving; 4) the reaction time test (RTI), which measures reaction, movement speed and attention; and 5) the rapid visual information test (RVP), which measures visual processing, recognition and sustained attention. Each test produced several variables. Principal component analysis was conducted to identify components accounting for the majority of the variation of the dataset (see Table A2 ). 10 Principal component analyses were also performed separately for all individual tests. The first components resulting from these analyses were considered to represent cognitive performance related to the particular cognitive domain. The component for the motor screening test was excluded from further analysis, as it did not discriminate the subjects, which indicated a ceiling effect. Other components were normalized using the rank order normalization procedure, resulting in four variables, each with a mean of 0 and standard deviation (SD) of 1. All available data for each cognitive test were used in the analyses; therefore, the number of participants varied between the models (data on PAL and RTI tests were excluded for N = 177 participants due to technical problems with the test equipment, while N = 51 6 The YFS is described at http://youngfinnsstudy.utu.fi/studydesign.html 7 Written informed consent was obtained from participants who were at least 9 years old and from the parents of younger participants. The research plan and data collection procedures were accepted by the participating universities review boards, and data collection was conducted according to WHO standards as well as the Helsinki Declaration.
8 More information on the SNPs and alleles used in calculating the risk score is presented in Table A1 . We also used a weighted score in a robustness check below. A weighted genetic score was calculated as a sum of imputed allele dosages carried by an individual each multiplied by the effect size reported by Allen et al. (2010) . The weighted sum of effect alleles was divided by the mean effect size and transformed to the z-score. Effect alleles, effect sizes and the imputation quality of each variant used in the gene score calculation are reported in Table A1 . 9 We use the standard econometric methods of economics because the relevant literature (in economics) has used similar methods also. Otherwise it would be difficult to compare our estimation results to the earlier ones. 10 We used SAS and the PROC FACTOR command in the analysis.
refused to participate in all or some of the tests). Detailed descriptions and validation of the cognitive data have been reported previously (Rovio et al., 2016) . Personality characteristics were assessed in 1983 for the four oldest cohorts using the Hunter-Wolf A-B Rating Scale (Wolf et al., 1982) .
11 The Hunter-Wolf Rating scale consists of four components (Aggression, Leadership, Responsibility and Eagerness-Energy) that were measured with 3-8 items. Responses to the items were given on a 7-point scale (1 = 'totally disagree' and 7 = 'totally agree') (Jokela and Keltikangas-Järvinen, 2009; Hintsa et al., 2014) .
Statistical methods
There are two main elements in our analyses. First, we run OLS models to replicate standard observational studies.
12 Second, we estimate instrumental variable models wherein height, in 2001, is instrumented using the genetic score, providing the causal effects of height on the long-term labor market outcomes. We control for birth month, birth year effects and gender. These factors potentially impact earnings and employment, but they are predetermined with respect to our outcome variables and independent of the height risk factor. We also include the parental education level to control for any intergenerational correlation of socioeconomic status (cf. Öberg, 2014). This accounts for possible omitted variable bias from the socioeconomic status of parents, which could affect the genetic risk factors, such as through assortative mating within educational groups. This would violate the independence assumption of the IV design, as argued in von Hinke et al. (2016) . The problem can be corrected by conditioning on parental education, particularly the mother's education level, which varies significantly between high and low risk factor individuals (Table 3) .
Results
Descriptive evidence indicates that taller people have substantially higher earnings (Table 1 ). The baseline OLS estimates (Table 2 , Panel A) show that height is statistically and economically significantly associated with average earnings over the period [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] . The quantitative size of the estimate is considerable. The coefficient for height implies that 10 cm of extra height is associated with 13% higher earnings. The estimate is roughly comparable to the earlier estimates that have been reported using Finnish data (Böckerman et al., 2010; Böckerman and Vainiomäki, 2013) . The OLS estimate for labor market attachment is also statistically significant. The quantitative size of the effect corresponds to four months of additional employment during the twelve years covered by the data.
Next, we turn to the preferred IV estimates (Table 2 , Panel B). The genetic score is a powerful instrument for height. In the first stage of IV, the F statistic on the instrument is 188 in the earnings regression, which exceeds the minimum standard of F = 10 suggested in Staiger and Stock (1997) by a wide margin. Based on McClellan et al. (1994) , we divide our estimating sample into those with an above-average value and those with a below-average value for genetic score and evaluate whether the two groups significantly differ in their observable characteristics that conceivably correlate with the second-stage outcome (Table 3) . It is impossible to prove the null hypothesis that the instrument is uncorrelated with the second-stage error term. However, the lack of correlation between the instrument and observed variables, as shown in Table 3 , is consistent with the exclusion restriction.
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The IV point estimate (Table 2, Panel B) for the effect of height on earnings is 9% per 10 cm of extra height, and the estimate is no longer statistically significant. The effect of height on average employment years over the period 2001-2012 is also much lower and insignificant in the IV estimation. The earlier Finnish evidence on the amount of the height premium is very limited. Böckerman and Vainiomäki (2013) report a 3.3% earnings effect per 1 cm for men and a 1.4% effect for women, but the effect remains significant only for women when using twin-differences and IV estimation. Using genetic instrument, Tyrrell et al. (2016, p. 6) report that " . . . a genetically determined 1 SD (6.3 cm) greater height was associated with a 0.05 (0.03 to 0.07) SD increase in annual household income." Comparing this effect to our result is difficult because their annual household income is measured using five categories and because they do not report the SD for it.
An important finding of our research setting is that the IV estimates suggest that the OLS estimates are potentially upward biased. For example, specific early life conditions and parental investments that are not accounted for in the OLS models may lead to both greater height through differences in the children's nutrition and health and thereby to better long-term labor market outcomes later in life. This unaccounted confounder may explain the higher point estimates for height in the OLS estimation.
A caveat to the finding of a null effect for height in the IV setting is that it may be a symptom of low power due to an insufficient sample size. Freeman et al. (2013) show that the sample size needed in Mendelian randomization study is inversely proportional to two factors: the variation in the exposure or observable trait explained by the genetic instrument, and the square of the true effect size. Genome-wide association studies usually report low shares of explained variation for genotypes; therefore, the minimum sample size required for detecting effects, with given levels of significance and power, becomes much larger than that in a randomized controlled trial. Alternatively, the power to detect an effect with a given sample size becomes low. Brion et al. (2013) show that the power for the Mendelian randomization study with one instrument (one SNP or multiple SNP predictor) can be expressed as a function of the non-centrality parameter (NCP) of the test for the 2SLS regression coefficient to be zero. They further show that the NCP depends on a number of parameters: the causal effect of X on Y, the OLS estimate of it, the proportion of the exposure variable explained by the genetic predictor, and the variances of the X and Y variables. They provide an online tool to perform such power calculations, which we have utilized.
14 Using the OLS and IV estimates obtained above, the observed variances of the X and Y variables, and the explanatory power of a genetic instrument in our data (0.048, i.e. $5%), the required sample size for a test of no causal relationship with 0.05 type I error and 0.7 power is approximately N = 13500. Therefore, our result of no causal effect should be interpreted with caution, as it may reflect our inability to reject the null hypothesis due to the (1980) . The instrument used in the IV models is the genetic score for height based on genetic markers. Angrist-Pischke multivariate F-tests of the excluded instrument are reported for the IV models. 95% confidence intervals based on heteroscedasticity-robust standard errors are reported in parentheses: significant at *10% **5% and ***1% levels. 13 We also tested the exclusion restriction by dividing the sample into three ranges based on the gender-specific risk score. Analogously to the Goldfeld and Quandt (1965) test for homoscedasticity, we omitted a quarter of the central observations and used the individuals in the remaining lowest 3/8 and highest 3/8 to evaluate whether these groups significantly differed in their observable characteristics. We found significant differences (at least at the 10% level) in the following characteristics: height in 2001, visual and episodic memory, leadership, annual income (father), high education (mother) and blood pressure. Note that we control for these additional characteristics in Table 4 . 14 The web tool is available at http://glimmer.rstudio.com/kn3in/mRnd/ relatively small sample size. 15 On the other hand, the nature of our outcome measure, register-based long-term earnings, should substantially decrease the measurement error and thereby improve the precision of estimation compared to e.g., Tyrrell et al. (2016) . Table 4 contains additional estimation results after controlling for other genetic risk scores and observable differences in cognitive skills and personality characteristics. Allen et al. (2010) identified five loci for which the height-associated variant was also correlated with variants associated with other traits and diseases, particularly bone mineral density, rheumatoid arthritis, type 1 diabetes, psoriasis and obesity. Although the use of the genetic risk score significantly reduces the risk that an individual gene variant will bias the results (Palmer et al., 2012) , we also added the genetic risk scores for blood pressure, total cholesterol, and triglycerides to control for potential pleiotropy. The results remain intact after this adjustment.
The most interesting finding from Table 4 is that the relationship between height and labor market outcomes is not statistically significant in the OLS estimation after adding the measures for cognitive skills to the set of covariates. Although the decline in the point estimate is partly attributed to the reduction in the sample size, this result suggests that physical height may be a marker of beneficial circumstances for developing higher cognitive skills (cf. Case and Paxson, 2008) . However, the measures of cognitive skills are only available for a subsample of the original YFS data, implying that we have to consider these results with Notes: Significant at *10% **5% and ***1% levels. 15 There is an earlier study that uses IV design with the same data that reports statistically significant effects of obesity on labor market outcomes (Böckerman et al., 2016) . This suggests that the sample size is not an important issue per se.
caution. Accounting for personality characteristics does not significantly impact on the estimates of how height influences earnings and employment.
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The YFS dataset is quite small for estimating separate results for subsamples, but we estimated models by gender to identify potential differences. The OLS estimates for both men and women are almost identical (not reported). The IV estimates are not statistically significant. In particular, the estimate for men is also very close to zero. There is earlier empirical evidence from other countries showing that the height premium is larger for men (Hübler, 2016) . Using a self-reported categorical annual household income from a single year and a genetic instrument, Tyrrell et al. (2016) report that the effect of height on annual household income is approximately twice as strong in men as in women. The previous Finnish OLS estimates also give larger effects for men, but they are available from data that contain a different age cohort (Böckerman et al., 2010; Böckerman and Vainiomäki, 2013) . The institutional setting of the labor market is also potentially important. In particular, wage compression and women's high labor force participation rate in Finland in the six age cohorts that we examine may contribute to the small difference in the height premium between women and men.
We additionally estimated separate models for the recession years (2009-2012) and pre-recession period (2001-2008) to account for the possible business cycle variation in the height effects, as reported in Böckerman and Vainiomäki (2013) . Our OLS estimates (not reported) show that the point estimate for the height effect almost doubles in the recession compared to the prerecession period, but the IV estimates remain insignificant in both periods.
Our baseline IV estimates used non-weighted genetic score based on 180 SNPs. As a final robustness check, we use alternative genetic scores. First, the IV estimates based on the weighted genetic score based on 180 SNPs reported in Table A3 are similar compared to the ones that used non-weighted genetic score in Table 2 . Second, there is empirical literature that identifies more relevant SNPs for height (Wood et al., 2014) . A more recent GWAS identified altogether 697 SNPs at a genome-wide significant level that explained 16% of phenotypic variance compared with the 10% explainedby the 180 SNPs included in the genetic score used in the baseline estimates of this study. The effect sizes of the weighted height scores for these are 1.97 cm/SD(GRS) for 180 SNPs and 2.80 cm/SD(GRS) for 697 SNPs in the entire YFS population. For this reason, we have also used information on 697 SNPs to construct the genetic score.
17 Genotype imputation was performed using SHAPEIT v1 (Delaneau et al., 2012) and IMPUTE2 (Howie et al., 2009 ) software and the 1000G Phase I Integrated Release Version 3 as a reference panel (Genomes Project Consortium, 2010). The results using non-weighted and weighted score based on 697 SNPs are reported in Table A4 . The IV estimates using the alternative genetic score are similar to our baseline estimates in Table 2 .
Discussion
Using the genetic score as an instrument for measured height, we find that the IV point estimate for the height premium is lower than the OLS estimate and is not significantly different from zero. Taken at face value, this suggests that the OLS estimates for the quantitative size of the height premium in the literature may be upward biased. The use of the genetic score as an instrument for height accounts for potential confounders that are related to socioeconomic background, early life conditions and parental investments that have not been systematically accounted for in previously reported empirical literature.
As the genetic score (used as an instrument for height) was not associated with earnings or employment while true height was, (1980) . The instrument used in the IV models is the genetic score for height based on genetic markers. Angrist-Pischke multivariate F-tests of the excluded instrument are reported for the IV models. 95% confidence intervals based on heteroscedasticity-robust standard errors are reported in parentheses: Significant at *10% **5% and ***1% levels.
16 Hübler (2013) has shown using German panel data that the height premium disappears after controlling for personality traits because tall persons are relatively risk tolerant compared to their shorter peers. 17 The use of the 180 SNPs is not an important limitation per se because the most important SNPs with largest effect sizes are usually identified first. This implies that the use of additional SNPs would most likely not improve the power of the first stage of the IV regressions much. Because our data is relatively small additional SNPs with smaller effect size can even produce results that have the wrong signs compared to GWAS. A large set of genetic instrumental variables would also increase the possibility that some of the instruments are invalid due to pleiotropy (Bowden et al., 2015) .
the associations between height and labor market outcomes are not causal effects. Instead, our results suggest that physical height is a marker of beneficial circumstances for developing higher cognitive skills during childhood or adolescence due to family background. The disappearance of the height effect by inclusion of cognitive skills as an explanatory variable supports this interpretation.
Our results are broadly consistent with those reported in a twin design for monozygotic (identical) twins by Böckerman and Vainiomäki (2013) . The authors found an insignificant height premium for men after controlling for genetic differences between twins, which supports that the cross-sectional OLS results are driven by unobserved differences such as cognitive skills. For women, they found that the height premium prevails in earned income, but not in capital income, for identical twins. This suggests that discrimination is a potential explanation.
Our study has two limitations. First, the number of observations in the baseline estimations is $2000. A larger data set would be needed to provide more power in order to obtain more tightly estimated effects. Second, the Young Finns Study that we use in the estimations is not nationally representative with respect to the total population in Finland, which consists also of the older age cohorts. The data are representative only for the selected six age cohorts in 1980. Further studies are needed to confirm that the patterns prevail in all age cohorts and other institutional settings. Notes: Principal component analyses were performed separately for all individual tests. The first components resulting from these analyses were considered to represent cognitive performance related to the particular cognitive domain. (1980) . The instrument used in the IV models is the genetic score for height based on genetic markers. Angrist-Pischke multivariate F-tests of the excluded instrument are reported for the IV models. 95% confidence intervals based on heteroscedasticity-robust standard errors are reported in parentheses: Significant at *10% **5% and ***1% levels. (1980) . The instrument used in the IV models is the genetic score for height based on genetic markers. Angrist-Pischke multivariate F-tests of the excluded instrument are reported for the IV models. 95% confidence intervals based on heteroscedasticity-robust standard errors are reported in parentheses: Significant at *10% **5% and ***1% levels. Fig. A1 . Kernel density plot of the genetic score.
